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SUMMARY
Q3UN
CO
RR
EC
TE
D P
ROA new technique for induction motor fault detection and diagnosis is presented. This technique, which hasbeen experimentally verified in stationary and non-stationary motor conditions, is based on the convolutionof wavelet-based functions with motor stator currents. These functions are tuned to specific fault frequencies
taking into account motor speed and load torque, thus considering variable operation conditions of the motor.
Based on this technique an automatic system for fault diagnosis is also presented, which is suited for easy
software implementationQ3. Copyright # 2010 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Due to their robustness and reliability, induction motors (IMs) now dominate the field of
electromechanical energy conversion, making up the majority of the motors in use in industrial and
domestic applications. Among them, squirrel cage IMs are widely used as energy converters to drive
any kind of machine, blower, and pump in electric utility, mining, petrochemical, and domestic
appliances industries [1]. In many of these applications, the reliability must be of high standards and
thus motor operation must be both safe and continuous.
As inverters are used to drive the motor, maintenance of IM has gained considerable interest in
recent years in order to reduce output, emergency maintenance costs, broken down equipment, and lost
revenues caused by faults, especially since inverters are used to drive the motor. Inverters introduce
alterations such as dv/dt or common-mode voltages, which cause premature damage to the machine.
An effective method of detecting a motor with an incipient fault could guarantee that the drive is
performing the tasks it was designed for. Such a method would allow the creation of Predictive
Maintenance Programs and the minimization of undesirables halts in production chains. Moreover,
manufacturers and users of these drives are now keen to include diagnosis functions in the control
software, as they decrease maintenance costs and to improve salability and reliability.
Among IM faults, bearings, stator faults, eccentricity-related faults and broken rotor bar (BRB), and
end ring faults are the most prevalent, and thus demand special attention [3]. Motor Current Signature
Analysis (MCSA) is one of the most widely used methods for fault detection analysis in induction
machines [4]. MCSA focuses its efforts on the spectral analysis of the stator currents and has been
successfully used to detect mechanical faults [5–7] (dynamic eccentricity, BRBs, and bearing damage)
and electrical faults [8] (single or multiple-phase short circuits, open phases, and abnormalorrespondence to: Antonio Garcia Espinosa, UPC, Electrical Engineering, Terrassa, Barcelona, Spain.
mail: garciae@ee.upc.edu
pyright # 2010 John Wiley & Sons, Ltd.
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connections). Additionally, MCSA can be extended to others motor variables, such as instantaneous
power, to highlight fault characteristics in the spectrum, and to discriminate in case of mixed faults [9].
The advantage of this technique is that it is a well-recognized current standard because of its
simplicity and performance: in its simplest form, it only needs one current sensor per machine and is
based on a traditional technique such as Fast Fourier Transform (FFT). However, its best performance
is achieved at fixed frequency supply and steady state operation. Low slip values resulting from low
loads leads to some rotor fault characteristic frequencies close to the stator supply frequency, which
makes fault identification difficult due to well-known spectral leakage effects. Moreover, the current
spectrum is influenced by many factors, including electric supply, noise, motor geometry, and fault
condition. Besides, the FFT analysis is not valid in the case of fault frequency shifts due to variable
torque or non-constant speeds [10].
Under these variable conditions, fault harmonics position change with time, and classical FFT
cannot be applied, because in transforming into the frequency domain, time information is lost and the
event is masked by the transformation.
Even though it is possible to apply a Windowed Fourier Transform (WFT) to follow the signal
variation, by computing the FFT every time using only the data within the window and sliding the
window along in time, an inconsistent treatment of different current frequencies appears due to the fixed
length of the window. Some low frequencies present no full oscillations within the window and their
frequency location is lost, while at high frequencies there are as many oscillations and the time location is
lost. Therefore, its application for fault detection is limited to motor speeds with very slow changes.
Wavelet analysis attempts to solve these problems by decomposing a time series into time/frequency
space simultaneously [11]. Wavelets have recently emerged as useful tools for applications such as
signal processing, time-frequency analysis, detection of edges and irregularities, feature extractions,
and compression of digital data. Wavelet transforms (WTS) decompose the original time-domain
signal by computing its correlation with a short-duration wave called the mother wavelet which has a
finite length and defined frequency. By correlating this wavelet with the acquired signal the resulting
single number gives a measure of the projection of this wave packet on the acquired data during a
period equal to the length of the wavelet. Then, by sliding this wavelet along the time series a new time
series of the projection amplitude versus time can be constructed. By changing the length of the
wavelet and repeating again the former correlation, the original signal is fully decomposed in its
frequency versus time components. With this method, wavelet analysis allows the use of long time
intervals where more precise low frequency information is needed and shorter intervals where high
frequency information is preferred.
The advantage of using wavelet techniques for fault monitoring and diagnosis of IMs is increasing
because these techniques allow us to perform stator current signal analysis during transients. It is then a
powerful tool for condition monitoring and fault diagnosis of electrical motors in any operation
condition [12].
In recent years WTs have been successfully applied to motor fault detection problems. Continuous
WT (CWT) has been used in Ref. [13] to propose a detection method of faulted rotor bars based on
ridges of a CWT. Also, CWT is used in Ref. [14] to process both waveforms of electromagnetic torque
and phase voltage summation in order to detect windings short circuits in a brushless DC motor.
On the other hand, discrete WT (DWT) is commonly used in electric engineering to detect and
diagnose disturbances occurring in three-phase IMs [15–17]. In Ref. [15] the amplitude of relevant
coefficients of DWT is used as proper feature coefficients to represent the mechanical faults of the IM.
In Ref. [16] an automatic online diagnosis algorithm for broken-bar detection on IMs is performed.
The algorithm is based on the DWT analysis of the current transient to compute certain detail level
coefficients and a further mean-square function is applied to a subset of those coefficients to obtain a
simple weighting function that, according to its value, clearly points the motor condition as either
healthy or damaged. The proposal presented in Ref. [17] is based on the analysis of the wavelet packet
transform coefficients, and a useful implementation is presented. Discrimination between faults,
however, is not possible and faults harmonics under main harmonic is lost, because only two levels are
considered in wavelet decomposition. DWT has been also used in Ref. [18] for the diagnosis of rotor
bar failures in induction machines by means of analysis of the stator current during transientconditions. In Ref. [19] the DWT is also used without the slip estimation.
Copyright # 2010 John Wiley & Sons, Ltd. Euro. Trans. Electr. Power (2010)
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CWT does however have high power computing requirements, and it is not easy to implement in an
on line monitoring system. Furthermore DWT dyadic decomposition and hence details containing
information of specific motor faults depends on the sampling frequency, which should be changed for
variable motor speed and load.
In Ref. [20] a wavelet-transform based technique is used to diagnose BRBs, in which the energy
evaluation of a known bandwidth with time-scale analysis is performed. On the other hand in Refs.
[21,22] the WT is applied to diagnose the same failure but in this case is performed in the startup stator
current.
In Ref. [23] a novel methodology for half-broken-bar detection, which combines current and vibration
analysis by correlating the signal spectra to enhance detectability for mechanically loaded and unloaded
operating conditions of the motor, which the other isolated techniques are unable to detect.
In this paper, a new method is proposed in order to identify fault frequency components in IMs. The
algorithm is based on a convolution of a new specific wavelet-based Agnesi’s function and the acquired
stator current signal. In the frequency domain, this function is a selective frequency filter that removes
the fundamental frequency component resulting in a more efficient detection of the motor fault
characteristic frequencies.
Furthermore, the proposed technique removes not only the supply frequency component, but also
others non-fault-related frequency components that may exist in the stator current spectrum due to
machine manufacturing or oscillatory operation. This is due to the fact that the employed function is a
band pass filter that allows on line tuning in both central frequency and bandwidth of the filter, rejecting
any other frequency out of the bandwidth. The evaluation of the fault is achieved by computing the
mean power of the filter output signal. A simple slip frequency estimator is proposed in the paper to
tune the filters regarding load, thus allowing this technique to be used in non-steady state operation
conditions.
The paper is organized as follows. A brief discussion on MCSA is presented in Section 2. In Section
3, wavelet convolution concept is introduced and discussed, including the tuning of the wavelet-based
filter using a slip frequency estimator. Faulty model and feature extraction is presented in Section 4 for
the IM with broken rotors bars and simulations of the proposed algorithm are presented and discussed.TSection 5 shows experimental results. Finally, discussion and conclusion are given in Section 6.UN
CO
RR
EC2. MCSA ANALYSIS
The MCSA is considered the most promising non-invasive fault detection method. It permits detection
of several common machine faults with simple measurement and process of the stator current and
under normal operation of the machine.
Abnormal harmonics, which appear in a stator current, are functions of a number of variables due to
the magnetomotiveforce (MMF) distribution and the permeance-wave representation of the air gap. In
a variable speed drive, a current control algorithm may provide symmetric stator currents, by applying
asymmetrical stator voltages in order to reach this goal despite of the fault producing abnormal
harmonics. Therefore, it is important that abnormal harmonic frequencies are independent of these
types of drive-systems or control techniques.
The basis of MCSA is that the stator current contains current components directly linked to rotating
flux components caused by electrical or mechanical faults. These harmonic current components due to
faults can be used for early failure detection.
Three-phase currents under fault conditions can generally be expressed as follows:
iRðtÞ ¼
ﬃﬃﬃ
2
p
IR cos 2pfst þ
ﬃﬃﬃ
2
p PN
n¼0
IRn cosð2pfnt  ’RnÞ
iSðtÞ ¼
ﬃﬃﬃ
2
p
IS cos 2pfst  2p3
 þ ﬃﬃﬃ2p PN
n¼0
ISn cos 2pfnt  ’Sn  2p3
 
iTðtÞ ¼
ﬃﬃﬃ
2
p
IT cos 2pfst  4p3
 þ ﬃﬃﬃ2p PN
n¼0
ITn cos 2pfnt  ’Tn  4p3
 
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where IR¼ IS¼ IT¼ I are the RMS values of the fundamental component of the line current. IRn, ISn,
and ITn, are the RMS values of the fault components and wRn, wSn, wTn, are the angular displacements of
the fault components.
The space vector is
!
referring to the stator reference frame is obtained by applying the transformation
of the symmetrical components:
is
!¼
ﬃﬃﬃ
2
3
r
½iR þ iS ej2p=3 þ iT ej2p=3
¼
ﬃﬃﬃ
3
p
I ej2pfst þ I1 ej½2pf1t’1 þ I2 ej½2pf2t’2 . . . þ In ej½2pfnt’n
h i
(2)
Fault frequencies f1, . . ., n are related to different faults in the induction machine, such as air gap
eccentricity (3), shorted turns (4), and BRBs (5). Where m is the harmonic order, fs is the main
frequency, fi is the mechanical rotor speed in hertz, s is the slip, and p is the number of pairs of poles [6].
fecc ¼ f1 1  m 1  s
p
  
; (3)
fst ¼ f1 n
p
ð1  sÞ  k
 
; (4)
fbrb ¼ f1 m 1  s
p
 
 s
 
(5)
From these expressions it is apparent that MCSA presents serious drawbacks for locating the fault
when either or both the load torque or speed are not constant, because changes in s and fs affect the fault
frequency values. In order to overcome this drawback improved MCSA have been proposed [13–27]
using a joined time-frequency transformation on the motor stator currents and WT, and featuring
extraction and fault diagnosis, even under variable load conditions. However, when using WT it is not
easy to define a simple algorithm to develop an automatic fault-detection system due to the
predetermined frequency analysis bands associated with discrete filter banks of the transformation.
While a DWT with an orthogonal basis function is usually chosen for signal decomposition to avoid
redundant of information and allow easy computation, the frequency content of the resulting wavelets
details depend on the predetermined acquisition system parameters and motor operation conditions. In
this case, wavelet details may not contain the expected fault frequencies.
As viewed from the frequency domain, a WT can be interpreted as a filtering of the signal of interest
using a filter bank of the band-pass filter. Utilizing this feature in the frequency domain, filter banks
with different central frequencies and energy bandwidths are obtained, which can be tuned to theCdesired stator current fault frequencies.
UN3. FAULT DETECTION BY MEANS OF WAVELET-BASED CONVOLUTIONAs mentioned above, every wavelet function could be considered as a filter on the frequency domain
[10]. By tuning the adequate wavelet function to the operation point (i.e., for the expected frequency)
specific fault harmonic detection is thus possible. If online tuning of the wavelet is realized an
automatic fault detection method, under variable torque and speed conditions can easily be
implemented.
The witch of Agnesi’s is a curve which Cartesian equation is as follows:
y ¼ f
3
b
t2 þ f 2b
¼ fbðt=fbÞ2 þ 1
(6)Copyright # 2010 John Wiley & Sons, Ltd. Euro. Trans. Electr. Power (2010)
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which is equivalent in functional form to the Lorentzian function. When fb¼ 1 this curve becomes very
simple and can be expressed as in Equation (7).
y ¼ 1
t2 þ 1 (7)
Figure 1a and b shows, respectively, the time domain and the frequency domain representation of the
witch of Agnesi’s when fb¼ 1 Hz. As shown in Figure 1b, the witch of Agnesi’s behaves as a high-pass
filter.
A new wavelet-based family is proposed in this piece of work, obtained by multiplying a sinusoidal
function by the witch of Agnesi’s function, defined in the following equation:
’ðtÞ ¼ C cosð2pfctÞ fbðt=fbÞ2 þ 1
(8)
where C is normalization parameter, and fc and fb define the central frequency and the frequency band
being analyzed. Figure 2 depicts the responses in time and frequency domains of function expressed in
Equation (8) when fb¼ fc¼ 1 Hz and C¼ 1, where it is shown that this wavelet-based function behaves
as a tunable band-pass filter.
The new function presents a set of characteristics that fit very well within the requirements ofU
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than that of time frequency transformation.
Wavelet-based function (8) could be considered as a selective filter in which fc allows for the tuning
of the central frequency of the band-pass filter to the expected fault harmonic location and fb allows for
the adjusting of the bandwidth, taking into account the shifting of this location. In this way, not only
fault speed changes, but also torque load variations are considered in fault detection and diagnosis of
motor failures. In an expert system fc would be defined by the motor speed and nominal slip frequencyb would be defined by the slip shifting due to load variations.RR
E
3.1. Slip frequency estimator
An estimation of the slip frequency is needed to adjust the wavelet-based selective filter. However, as
tuning of the adjustable filters includes a variable bandwidth, high precision of slip frequency
information is not needed to guarantee the reliability of a diagnosis result. The slip frequency estimatorNC
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Figure 2. Time and frequency responses of the Agnesi’s-based mother function. (a) Agnesi’s-based wavelet.
(b) Agnesi’s-based wavelet band-pass filter.
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proposed in this paper is based on the idea of using a decoupled torque current component in steady
state, also called active stator current. This current can be obtained by projecting the stator current
space vector on the stator reference frame fixed to the stator flux-linkage vector.
In the rotating stator flux vector coordinates, two current components can be found by solving the
Park’s transformation (9). These currents isx and isy rotate at the same angular speed that both the stator
voltage vector and the stator flux in steady state.
isx
isy
 
¼ cos u cosðu  2p=3Þ cosðu þ 2p=3Þsin u sinðu  2p=3Þ sinðu þ 2p=3Þ
  ia
ib
ic
0
@
1
A (9)
where u is the angle between the stator flux-linkage vector and stator current vector. It is important to
note that the drive control knows both the stator flux vector position and flux module by integrating
stator voltages:
~vs ¼ Rs~is þ d
dt
~Fs ) ~Fs ¼ ~Fsðt  DtÞ þ
Z t
tDt
ð~vs  Rs~isÞ dt ¼ F_e jvs (10)
By neglecting the stator resistance Rs, which is an acceptable approximation for motor speeds higher
than 20% of the rated, and taking into account nameplate motor characteristics, flux vector is
determined. Moreover, the stator current position can be directly read from the control. Thus, the angle
u is perfectly defined and the isy current results in the torque-producing stator current component:
Ge ¼ 3
2
p Fsj jisy (11)
where p is the number of pairs of poles. On the other hand, it is well known that the slip angular speed
value can be given in a steady state by:
vsl ¼ Lsisy
Trð Fsj j  sLsisxÞ ; s ¼ 1 
L2m
LsLr
 
(12)
where Tr is the rotor time constant, and Lm, Ls, Lr are the magnetizing, the stator and the rotor
inductance, respectively. Although the above expression is nonlinear it may be approximated to a
constant with an almost insignificant error, particularly for medium and large size motors:
vsl  Lsisy
Tr ~Fs
   k
1
F
_ isy (13)Copyright # 2010 John Wiley & Sons, Ltd. Euro. Trans. Electr. Power (2010)
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Despite parameter k not being known as a priori, it can be derived from the nominal operation point
and considered as a constant with few assumptions, that is, there are not significant changes in machine
saturations nor in rotor temperatures, and rotor resistance Rr can be ignored in regard to torque
producing equivalent rotor resistance.
By considering (11) and (13) at the nominal operation point, assuming isy nom¼ \mid is\mid cos phi,
and with little algebra, the slip frequency, and hence the slip value, is obtained for a wide range of load
variations (14), and tuning fb frequency in (8) is determined.
vsl  2
3p
Genomvslnom
ð isnomj jcos phimotorÞ2
1
F
_ isy (14)
Although previous derivations are not particularly rigorous, it should be kept in mind that slip
estimation is not for control, but to help better adjust tuning frequencies for fault detection. In the case
of a limit, it is enough to consider nominal conditions for fixing fault frequencies fc and actual
minimum and maximum motor slip variations for fixing frequency band pass fb. However, when
selective filters are thus defined, fault detection is less accurate.
3.2. Power spectral density
In order to diagnose any fault following a disturbance, it is necessary to build a feature extraction
technique. A successful feature extraction technique involves the identification of abnormal conditions
by the analysis of fault current signatures resulting from different transient disturbances.
The goal of feature extraction is to extract features which are related to specific fault modes.
Additionally, reduction of the large amount of spectral information to a usable level is recommended
for feature extraction. For these reasons, a Fault Factor (FF) definition is mandatory for the
implementation of an on-line diagnostic system.
First, a temporal window starting at the beginning of the acquisition time with a specific width is
defined. Then, the resulting feature components can be calculated in several ways, for example, by
selecting the maximum component within the window, or by calculating the power of the contained
signal.
In a classical Fourier analysis, the power of a signal can be obtained by integrating the power spectral
density (PSD), which is the square of the absolute value of the Fourier Transform [22]. The power
carried by a defined spectral band can be obtained by integrating the PSD along this spectral band.
A similar derivation can be obtained for the DWT, which decomposes a signal in a series of details
(frequency components of the signal contained within a predefined band) plus a final approximation.
Power detail density (PDD) can be described as the squares of the values of one specific detail. The
power energy contained in this detail can be obtained by integration of the resulting PDD. Wavelet
convolution, however, does not need to decompose the signal, but only to operate it in time domain. For
this reason, a new FF is defined, called mean power of the convolution output (MPCO).
MPCO is calculated by averaging the square of the entire signal inside the temporal window, as
expressed in (15):
P ¼ 1
T
ZT
0
ðiRðtÞ’ðtÞÞ2 dt (15)
Wavelet convolution shows variations in harmonic amplitude and location, and it is a suitable signal
transform to be applied to stationary or non-stationary stator current signals. The MPCO results in an
immediate FF for motor fault estimation under either constant or variable load.
3.3. Feature extraction
For full fault condition detection and diagnosis, more than one fault frequency has to be considered at a
time. In this case, a set of selective filters tuned at different fault frequencies are needed. They can beeasily implemented and tuned by means of the Agnesi’s mother wavelet-based function (8).
Copyright # 2010 John Wiley & Sons, Ltd. Euro. Trans. Electr. Power (2010)
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Equation (16) shows the filter bank for full fault detection obtained by adding functions tuned on
specific fault frequencies:
’ðtÞ ¼ 2
1 þ ðt=fbÞ2
cosð2pf1tÞ þ cosð2pf2tÞ þ cosð2pf3tÞ þ . . .þ cosð2pfntÞ½  (16)
It is apparent that more than one fault frequency can be considered for each fault, by taking into
account successive fault harmonics in (3), (4), and (5). By doing so, a higher level of accuracy in fault
detection is achieved, although computational requirements for the system also increase.
Figure 3 illustrates the filter bank frequency response obtained from function in (16) by considering
only the case of broken or damaged rotor bars, and sidebands near the first and fifth harmonics. Broken
or cracked rotor bars create a phase shift in the air gap flux resulting in multiple frequency sidebands
below the end of the 5th harmonic. For this reason, the fifth harmonic is usually considered for
detecting this kind of fault.
Once the mother wavelet-based function to be used is defined and tuned, feature extraction for the
fault detection will be performed by convolution of this function and the acquired stator current signal.OConvolution must be performed by considering a summation of functions as indicated in Equation (16).OR
RE
CT
ED
 PR
O
4. FAULT SIMULATION AND DETECTION
A parametric model for faulty IM is developed and used for simulations of damaged motors. The
voltage relationship between rotor and stator, torque, speed, and rotor position is well defined in
literature [23], and is used here as a basis of faulty motor model.
General IM equations are as follows:
½Vs
½Vr
 
¼ ½Rs½0½0½Rs
 
Is
Ir
 
þ d
dt
½LssðuÞ½LsrðuÞ
½LrsðuÞ½LrrðuÞ
 
Is
Ir
 
Gelec ¼ 3
2
pMRS~iS ~iR ðGelec  GmecÞ ¼ Dvm þ 1
J
dvm
dt
vm ¼ dum
dt
(17)
where V, I, R, and L are voltages, currents, resistances, and inductances, respectively, s and r are
subscripts for stator and rotor magnitudes. p is the number of poles pairs, Gelec is the electromagnetic
torque, Gmec is load torque, D is the friction coefficient, J is the inertia, and um and vm are the rotor
position and rotor speed, respectively.
The incidence of BRBs must appear principally as a variation on rotor electrical parameters. Actual
incidences of BRB produce changes on rotor resistances and inductances. In this way, BRB can be
modeled as variations of resistance in rotor phases. The actual degree of fault and affected phases
depend on the number of bars the rotor cage has (nB), the number of contiguous broken bars (nBRB), andUN
Cthe damage in the degrading bar(s). Since Rra is the equivalent resistance of parallel nB/3 rotor bars, if
0 50 100 150 200 250
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Figure 3. Filter bank defined by adding the four wavelet-based functions related to motor broken bars.
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all but one rotor bar are healthy then the faulty and healthy resistance relationship, also called here
resistance fault parameter a, can be obtained by the following Equation (18):
a ¼ R
0
ra
Rra
¼ nB
nB  3nBRB (18)
Rather than a resistance variation, an inductance variation occurs due to flux misalignment. The
variation appears as variations in phase inductance L, due to the BRB fault condition the number of
rotor bars available is reduced meaning a L increasing as is expressed as follows.
Fulfilling the k variation, an equivalent equation as used with a for rotor resistance, depending on the
number of rotor bars nB and the number nBRB of BRBs is obtained:
k ¼ L
0
ra
Lra
¼ nB
nB  3nBRB (19)
The variations on R, L, and M pulse at relative rotor speed, that is, sfs regarding the frequency fs of the
rotating stator flux. In case of rotor resistances and rotor inductances, a and k factors to be taken into
account are as follows:
a1 ¼ a cosð2psfsÞj jk1 ¼ k cosð2psfsÞj j
a2 ¼ a cos 2psfs þ 2p
3
 
k2 ¼ k cos 2psfs þ 2p3
 

a3 ¼ a cos 2psfs  2p
3
 
k3 ¼ k cos 2psfs  2p3
 

(20)
These variations will give the equation exchanges on fundamental motor equations, which for the
case of BRBs are:
½Rr ¼
Rrað1 þ a1Þ 0 0
0 Rrbð1 þ a2Þ 0
0 0 Rrcð1 þ a3Þ
2
4
3
5 (21)
LSA MSAB MSAC
MSBA LSB MSBC
MSCA MSCB LSB
0
@
1
A MSRAA MSRAB MSRACMSRBA MSRBB MSRBC
MSRCA MSRCB MSRCC
0
@
1
A
MRSAA MRSAB MRSAC
MRSBA MRSBB MRSBC
MRSCA MRSCB MRSCC
0
@
1
A LRAð1 þ k1Þ MRAB MRACMRBA LRBð1 þ k2Þ MRBC
MRCA MRCB LSBð1 þ k3Þ
0
@
1
A
2
66666664
3
77777775
(22)
4.1. Simulation results
Simulations have been carried out in order to adjust and check the proposed fault detection algorithm.
Non-steady-state machine operation was studied, and standard FFT and wavelet convolution, in the
sense of this paper, have been applied for feature extraction. From the point of view of shifting of fault
frequencies on the spectra, the case of increasing load torque is quite similar to pulsating torque, and
only the first case has been studied.
The simulated motor is a 1.1 kW IM, with 28 rotor bars and 36 stator slots. The main parameters of
this motor are Rs ¼ 2.03V, Rr ¼ 2.03V, Ls ¼ 0.0433 H, M¼ 0.042 H, Lr ¼ 0.0433 H, and nominal
speed of 1410 rpm. Broken bars have been considered with the motor running from low to high load,
that is, from 1450 to 1390 rpm. Fault condition has been introduced by using the Equations (18)–(22).
To get the estimation of resistance fault parameter the composition of the rotor three phases distributed
on 28 bars has been considered. These assumptions give a fault parameter a¼ 1, 12 for one BRB.
Figure 4 shows the current’s FFT while load torque increases. The harmonic content is evenlydistributed into a frequency band going from 50 to 41 Hz. From the figure depicted, it can be concluded
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Figure 4. FFT for a BRB simulated motor under increasing torque conditions.
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OFthat fault condition and origin of the fault cannot be easily determined from visual or mathematicanalysis of the acquired stator current.
As an alternative to FFT, convolution procedure as defined in Section 3 is hereafter presented. For
the fault detection of BRBs, wavelet-based function (8) must be tuned by choosing the central fault
frequencies. These frequencies are obtained from Equation (5). By considering the first and fifth
harmonics, the resulting fault frequency harmonics for a variable load (slip frequency varying from 3%
to 8%) are:
f1 ¼ fsð1  2sÞ ﬃ 47  42 Hz f2 ¼ fsð1 þ 2sÞ ﬃ 53  58 Hz
f3 ¼ fsð5  4sÞ ﬃ 244  234 Hz f4 ¼ fsð5  6sÞ ﬃ 241  226 Hz (23)UN
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TE
Figure 5. Convolution of simulated current and Agnesi-based wavelet for the four BRB fault frequencies.
(a) Fault frequency f1¼ fs(1 2s). (b) Fault frequency f2¼ fs(1þ 2s). (c) Fault frequency f3¼ fs(5 4s). (d)
Fault frequency f4¼ fs(5 6s).
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Table I. Power spectral density, increasing load torque.
Healthy Faulty 4 BRB
f1 2.8E01 148.2
f2 1.9E01 105.10
f3 5.1E05 5.4E02
f4 2.6E05 5.5E02
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Figure 5 shows the evolution of f1, f2, f3, and f4, where the magnitude variation of these fault
harmonics can clearly be appreciated.
The figures show a progressive increment in amplitude, corresponding with an increasing load. A
comparison between the MPCO as defined in (15) for healthy and faulty motors is shown in Table I. An
increment of the FF is clearly shown for a damaged motor, especially on the most significant
frequencies. These results suggest that this technique could assure proper results also in experimentaltests.ED
 PR
OO5. EXPERIMENTAL RESULTS
A three-phase, 1.1 kW, 400/230 V, 50 Hz, 1410 rpm, four-pole IM was used in experiments. A healthy
motor was analyzed and three motors were damaged, with a sixth a twelfth and a 28th of its rotor bars
artificially broken. The motors were loaded with nominal load torque and subsequently with half of it.
The current was measured with a current probe with DC accuracy of 3% 50 mA at 100 mV/A and
frequency range from DC to 100 kHz.
Sampled data was actually treated on-line. The proposed calculation system is able to run on-line in
a very short time interval. For example, when dealing with vectors containing 105 components, the
complete fault identification system, which includes convolution and energy calculation takes around
15 ms to output the results when using an Intel Pentium Dual Core 2.5 GHz with 4 GB RAM PCUN
CO
RR
EC
Trunning under Windows Vista.
Figure 6. Experimental rig used in experiments.
Figure 7. (a) Rotor with four drilled bars. (b) Rotor with one drilled bar.
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Figure 8. Convolution of stator current and Agnesi’s wavelet-based function for the four BRB fault
frequencies. (a) Fault frequency f1¼ fs(1 2s). (b) Fault frequency f2¼ fs(1þ 2s). (c) Fault frequency
f3¼ fs(5 4s). (d) Fault frequency f4¼ fs(5 6s).
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D PFigure 6 shows the experimental rig used for this purpose, where on-line data was acquired through avery-fast PCI-DAS 4020/12 data acquisition card controlled by Matalab/Simulink.Four rotors were used in experiments, a healthy one and three damaged rotor with artificially BRBs.In order to break/damage the rotor bars, they have been drilled as displayed in Figure 7.
Load torque reduction up to 50% of nominal value results in a slip variation of approximately 50%
(14), and as consequence (5) in a shifting of the fault frequencies from nominal fault frequencies at a
nominal speed. This displacement defines the minimum bandwidth to be considered during the tuning
of the wavelet-based function.
Figure 8 illustrates the convolution of stator current of the four broken bars IM under variable loads
with a tuned wavelet-based function, for the four characteristic BRBs fault frequencies. Figure 9 shows
multi-wavelet convolution, by using (15) and the four fault frequencies. The fault condition is clearly
shown despite load torque variation.
Table II shows how the MPCO is evaluated as a FF for fault detection for the one BRB motor, the two
BRB motor and the four BRB motor. In case of fault conditions the magnitude increment is very
confident. With about 40 dB of difference between healthy and the less faulty motor, this factor could
be used to implement an expert fault detection system.
By using tuning control of the Agnesi’s wavelet-based functions regarding speed reference and
estimated torque, automatic fault detection could be implemented in a time domain. This system can be
easily implemented in DSP to have an on-line fault detection and diagnosis system, which operatesUN
even under variable load torque and variable speed conditions.
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Figure 9. Multi-band filter result for the BRB fault frequencies.
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Table II. Average energy of the convolution for faulty frequencies.
Healthy Faulty 1 BRB Faulty 2 BRB Faulty 4 BRB
f1 2.8E01 6.5 36.9 148.2
f2 1.9E01 5.4 26.2 105.1
f3 5.1E05 3.2E04 1.5E02 5.4E02
f4 2.6E05 2.9E05 1.4E02 5.5E02
Multiband 4.7E01 11.9 63.1 253.4
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6. CONCLUSIONS
This paper presents an improved MCSA method for IMs fault detection under non-constant torque and
speed conditions. The method is based on a convolution of specifically developed wavelet-based
functions and motor stator currents, and provides good performance because of fine tuning along time
of the wavelets, which adapts itself to variable operation conditions.
The specific wavelet-based function is used like an on-line adjustable filter. The method allows
automatically obtaining an index related to the health of the motor based on the MPC .
Simulation and experimental results confirm expectations, and suggest that this technique would be
more suitable for fault detection of IM under non-stationary operation conditions. Furthermore, theRproposed method allows easy implementation of automatic diagnosis. P7. LIST OF SYMBOLS
7.1. Symbok
WFT
C02-01 Res
58(7):22
Copyright #Dls
fi mechanical rotor speed (Hz)fs m Eain frequency (Hz)
f1, . . ., n f Tault frequencies (Hz)a fault parameter of the rotor resistance
fault parameter of the rotor inductanceC
7.2. Abbre Eviations
CWT c
DWT d Rontinuous wavelet transformiscrete wavelet transform
FFT Fast Fourier TransformMCSA M Rotor Current Signature Analysis
MMF magnetomotiveforceMPCO m Oean power of the convolution output
p number of pairs of poless s Clip
Windowed Fourier TransformUN ACKNOWLEDGEMENTS
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